Abstract: Flavescence dorée is a grapevine disease affecting European vineyards which has severe economic consequences and containing its spread is therefore considered as a major challenge for viticulture. Flavescence dorée is subject to mandatory pest control including removal of the infected vines and, in this context, automatic detection of Flavescence dorée symptomatic vines by unmanned aerial vehicle (UAV) remote sensing could constitute a key diagnosis instrument for growers. The objective of this paper is to evaluate the feasibility of discriminating the Flavescence dorée symptoms in red and white cultivars from healthy vine vegetation using UAV multispectral imagery. Exhaustive ground truth data and UAV multispectral imagery (visible and near-infrared domain) have been acquired in September 2015 over four selected vineyards in Southwest France. Spectral signatures of healthy and symptomatic plants were studied with a set of 20 variables computed from the UAV images (spectral bands, vegetation indices and biophysical parameters) using univariate and multivariate classification approaches. Best results were achieved with red cultivars (both using univariate and multivariate approaches). For white cultivars, results were not satisfactory either for the univariate or the multivariate. Nevertheless, external accuracy assessment show that despite problems of Flavescence dorée and healthy pixel misclassification, an operational Flavescence dorée mapping technique using UAV-based imagery can still be proposed.
Introduction
Flavescence dorée (FD) is a serious phytoplasma-borne disease widespread in many European countries [1] . The FD disease is transmitted from between grapevines in the field by the leafhopper Scaphoideus titanus Ball. (Hemiptera: Cicadellidae) [2, 3] which is native to North America and was introduced in Europe in the late 1950s [4] . This leafhopper feeds and reproduces almost exclusively The rest of the paper is organized as follows: Section 2 presents the data acquisition, processing and analysis. Section 3 describes and discusses the main experimental results obtained with univariate and multivariate classification approaches. Conclusions and perspectives are drawn in Section 4.
Materials and Methods

Data Acquisition
Experimental Sites
The research was conducted in the Gaillac Appellation d'Origine Contrôlée (AOC) area in Southwest France. Four vineyards infected by FD disease were selected over two different sites A and B (see Figure 1 ). They are not irrigated and usually contain inter-row herbaceous vegetation. Vine and row spacing are around 1 m and 2 m, respectively. Two vineyards consisted of white cultivars, Sauvignon and Colombard, and the other two vineyards featured red cultivars, Gamay and Duras. Red cultivars were more severely infected by the FD disease than the white ones. 
Field Data Acquisition
Concurrent field and UAV flight campaigns were conducted in September 2015 when the FD symptoms were fully expressed. This time corresponded to the final stage of maturation of the berries (i.e., a few days before fruit harvesting).
Field data acquisition consisted of collecting the precise location of all the vines presenting FD symptoms in the four vineyards. This task was performed with a portable differential Global Positionning System -GPS (Trimble Geo7X) providing highly accurate positioning (horizontal precision of 0.02 m). For each GPS point, Flavescence dorée disease severity (FD ds ) was recorded. According to [27] , disease severity is the area (relative or absolute) of the sampling unit (leaf, fruit, etc.) showing symptoms of disease and is often expressed as a percentage or proportion. In this work, the sampling unit is the vine and the disease severity corresponds to the percentage of the vine presenting visual symptoms of the FD disease during the field campaign. More in detail, Flavescence dorée disease severity (FD ds ), was reported as one of the four categories (FD ds1 , FD ds2 , FD ds3 , FD ds4 ) as illustrated in Figure 2 . In addition to FD ds , plant length (along the row) and width (perpendicular to the row) were measured for all the GPS points in the less affected vineyards (Sauvignon and Colombard) and for each 15 GPS points in the most affected vineyards (Gamay and Duras). Table 1 summarizes the main characteristics of the data collected during the field campaign in the four vineyards. The flight campaign was conducted by the Delair'Tech company on 21 September 2015 using a UAV platform (long range DT-18) able to fly by remote control or autonomously with the help of an integrated GPS receiver and a navigation system. UAV multispectral images were acquired with a DT-5Bands imaging instrument, based on the industry-leading MicaSense RedEdge TM sensor. This sensor (see detailed description in Table 2 ) includes five independent high precision sensors to capture the vegetation response at five spectral bands (SB): blue, green, red, red-edge and near infrared (NIR). UAV flights were realized under clear sky conditions and with optimal illumination conditions in both sites (local time in Central European Summer Time-CEST): between 12:25 and 14:13 for the Duras and Colombard vineyards and between 14:17 and 14:59 for the Gamay and Sauvignon vineyards. Flight altitude was set at 120 m with a UAV flight speed of 6 m/s. These specific settings enabled an 85% image forward overlap and a 70% image side overlap for optimal photogrammetric processing.
Pix4D software (Available at: https://pix4d.com/) was used to manage and process the UAV images. Images covering the two sites were orthorectified (using a 0.08-m resolution digital elevation model), grouped into a mosaic, projected in World Geodetic System (WGS) 84/Universal Transfer Mercator (UTM) zone 31N coordinate system, and re-sampled at 0.10-m ground spatial resolution (see Figure 3) . Pixel values were converted to surface reflectance in each spectral band, thanks to the calibrated ground panel used before and after the flight (to check stability of the illumination). The output product delivered for each site was a unique stacked raster file (GeoTiff format) containing five spectral bands. 
Data Processing and Analysis
Field data and UAV imagery were conjointly processed in order to detect the symptoms of the Flavescence dorée in the four vineyards. Figure 4 shows the main steps of the methodological framework developed in this research. These steps are described in the following sub-sections. 
Computing Vegetation Indices and Biophysical Parameters
A set of eleven vegetation indices (VI) and four biophysical parameters (BP) were calculated from the five spectral bands (SB) of the UAV images. These were chosen because of their potential relevance to discriminate symptomatic and asymptomatic vines infected by the Flavescence dorée disease. Table 3 gives formulas and corresponding references for the vegetation indices selected. The selected VI were used for monitoring and mapping temporal and spatial variations of biomass and plant productivity (NDVI, SAVI, GNDVI) and for estimating the leaf pigments (ARI, MARI, RGI, ACI, MACI, CI, GRVI). Among them, NDVI have been already used to detect ESCA disease in vineyard [12] ; Steele and Gitelson studied RGI, ARI, MARI for their potential to estimate anthocyanin [28] and CI for chlorophyll content in grapevine leaves [29] . Most of these VI are band ratios and so are robust to variation of the sun illumination (which was not significant here anyhow, thanks to the clear sky conditions). Biophysical parameters were generated using the Overland software for biophysical processing developed by Airbus DS Geo-Intelligence. The Overland tool was initially developed in order to retrieve vegetation parameters (leaf area index, LAI, chlorophyll, fCover) from satellite images, the produced maps serving as inputs to recommendation products towards the end-users (crop growers). It has been extensively tested and validated in this context [30] . In France, the Farmstar service is operational since 2002 and 80,000 crop fields subscribed to this service in 2016. The advantage of BP is that, unlike most VI, they do not depend on variables such as geometry of illumination or sensor characteristics. They are then often considered as very good candidates to replace classical vegetation indices for characterizing and monitoring green vegetation [31] [32] [33] [34] . The parameters exploited here are presented in Table 4 . The Overland tool extracts vegetation parameters by inverting a canopy reflectance model [35] that is based on the coupling of the PROSPECT leaf model and the scattering by arbitrary inclined leaves (SAIL) canopy model [36] . PROSPECT is a physical model simulating directional-hemispherical reflectance and transmittance of leaves based on a set of biochemical constituents and a structure parameter [37] . The initial version of PROSPECT included chlorophyll and equivalent water thickness (EWT) as the only input parameters related to leaf chemical constituents. Several versions of the model have been developed to include a larger variety of input parameters related to leaf chemical constituents and properties, such as leaf mass per area (LMA). In terms of pigment content, two versions have been released to allow for separating the influence of different types of pigments on leaf optical properties. PROSPECT-5 [38] allowed separating the influence of chlorophyll and carotenoids on leaf optical properties. PROSPECT-D is the latest version of the model, and it allows separating the influence of chlorophyll, carotenoids and anthocyanins, along with EWT and LMA [39] . Therefore PROSPECT-D is able to simulate optical properties during the lifespan of the leaf and for a new range of conditions, including broadened juvenile and senescent stages, as well as environmental stresses induced by temperature, pollution and plant pathogens, which impact leaf pigment composition.
SAIL (scattering by arbitrary inclined leaves) [40] simulates the bidirectional reflectance factor of plant canopies, describing vegetation as a turbid medium characterized by leaf optical properties and structural properties such as leaf area index (LAI) and leaf angular distribution function (LADF). It also takes into account the spectral characteristics of the soil underneath vegetation, as well as the geometry of acquisition (sun and viewing directions). Various versions have been developed in order to add complexity to the original simplistic description of vegetation. This includes a combination of SAIL with geometrical models in order to describe horizontally and vertically heterogeneous vegetation, introduction of crown clumping, and hot spot effects. The coupled PROSPECT+SAIL model, called PROSAIL, inputs simulated leaf reflectance and transmittance from the PROSPECT model into the SAIL model to simulate the whole canopy reflectance [36] . For the specific case of UAV images, various modifications were made to the initial model. In particular, it can adapt to different cases of UAV acquisition conditions, including acquisitions made under a variable cloud cover (in which case cloud optical thickness is an actual variable of the model). 
Index Name Formula References
Normalized difference vegetation index
Anthocyanin reflectance index
Red-green index RGI = Red Green [28, 44] Anthocyanin content index ACI = Green N IR [45] Modified anthocyanin content index
Green-red vegetation index
Green normalized difference vegetation index
Difference vegetation index 
Buffer Generation and Sampling Strategy
Two processing steps were performed to extract FD pixels from UAV imagery. First, a site-specific mask was computed based on the output of a supervised classification. Supervised classification was performed with the support vector machine (SVM) algorithm [52] , using a radial basis function (RBF) kernel. Four classes were used for training the SVM classifier: 1-bare soil, 2-shadow, 3-inter-row vegetation and 4-grapevine vegetation. Very high classification accuracy was achieved for the four vineyards (mean overall accuracy equalled 0.97 for the Gamay and Sauvignon and 0.99 for Duras and Colombard; mean values obtained from 100 repetitions using 10-fold cross-validation). Then, site-specific classification outputs were used to mask all UAV pixels except those classified as grapevine vegetation (hereafter called valid pixels). The second step consisted of generating a buffered area around each GPS point. A first buffer, named average buffer was computed as a rectangle taking into account row orientation and the mean values of length and width per vineyard (as shown in Table 1) .
At this point, the dataset was composed of a collection of pixels extracted from the buffered areas (see methodological framework on Figure 4 ). Each pixel included 20 numerical variables (5 SB, 11 VI and 4 BP) and a categorical variable representing the disease severity observed in the field (FD ds1 , FD ds2 , FD ds3 or FD ds4 ).
Next, the collection of pixels for each vineyard was divided into two parts: (a) training samples and (b) validation samples. Training samples should be as pure as possible in order to avoid training a classifier with doubtful data. For this reason, FD vines showing the most severe symptoms were chosen as training samples for each vineyard. In addition, a second buffer, named reduced buffer, was computed for those vines (using the minimum values of plant width and length per vineyard). These precautions limited the number of mixed pixels within the training samples. In practice, a subset of the FD ds4 vines presenting the most severe symptoms was selected. Due to the absence of FD ds4 vines in the Sauvignon vineyard, FD ds3 and FD ds2 were instead used as training samples. Table 5 shows the amount of vines and valid pixels used as training or validation samples in each vineyard.
Finally, the training set was completed with asymptomatic vines (AS) identified by computer-assisted photointerpretation on UAV images. AS vines corresponded to plants not showing FD symptoms in the field and that were apparently healthy on UAV images. In order to provide a well-balanced training set, the same number of AS vines as FD vines (training) were selected per vineyard (see Table 5 ). The same procedure for computing the reduced buffer and extracting pixel values (SB, VI and BP) was applied to AS vines.
All the remaining FD vines were used as validation samples (pixels values extracted considering the average buffer per vineyard). Due to very low numbers of FD vines, no validation samples were selected for the Sauvignon vineyard. The objective here was to evaluate the reliability of Flavescence dorée disease detection using the variables derived from UAV images (SB, VI and BP) across the four selected vineyards. To this end, ArcMap (Version 10.2.2) and RStudio (Version 0.99.896 ) software were employed.
General Principle
Receiver operator characteristic (ROC) analysis was used to determine the capacity of each variable to discriminate FD or AS pixels. ROC curves have become a useful and well-studied tool for the evaluation of classifiers using remote sensing data [53] .
The construction of a ROC curve, as applied to the detection of FD and AS at the pixel level, was considered a binary classification problem resulting from the thresholding of a variable (or classifier output). Here, a decision had to be made between two classes: FD or AS. Based on the data collected during the field campaign, four classification outcomes are possible (see Table 6 ). Two indicators of classification performance, sensitivity (or true positive rate) and speci f icity (or true negative rate), are calculated based on Equations (1) and (2) respectively. These indicators are used to build the ROC curve with sensitivity plotted as a function of 1 − speci f icity.
While testing a variable, the ROC curve is obtained by computing, for all possible threshold values (in a given interval and step), the corresponding values of speci f icity and sensitivity. The optimal threshold corresponds to the point in the ROC curve where the sum of sensitivity and specificity is maximized. Based on the ROC curve, the area under the curve (AUC) is the metric used to assess the overall performance of the classifier. AUC ranges from 0.0 to 1.0, where the larger is the AUC, the higher are the speci f icity and sensitivity values. An ideal classifier corresponds to an AUC equal to 1.0 (no classification errors) whereas the AUC of a random classifier is equal to 0.5 (high number of errors).
Univariate and Multivariate Classification Approaches
In order to obtain more realistic estimates, all experiments were performed using a random repeated hold-out strategy (see internal accuracy assessment step in Figure 4 ). The number of repetitions was set to 200. For each run, 80% of the training samples were used for training the classifier and the remaining 20% for testing the accuracy. For both univariate and multivariate approaches, the experiments were carried out separately in each vineyard (Gamay, Sauvignon, Duras and Colombard).
A first ROC analysis, called 'univariate', was realized on each variable derived from the UAV images. The capacity of a given variable to discriminate FD or AS pixels was tested considering the optimal threshold computed from the ROC curve. According to AUC results, the best variables in each category (i.e., SB, VI and BP) were selected.
In parallel, another ROC analysis, called 'multivariate', was performed. Instead of analyzing separately each variable, we examined the binary response (FD or AS) of combined models. These models were constructed as generalized linear models (GLM) and the Akaike information criterion (AIC) was the metric used to evaluate their performance. AIC summarizes the trade-off between model accuracy and complexity [54, 55] . Low AIC values for a model indicate a superior explanatory power. The GLM construction was coupled with a feature selection procedure. Starting from the full model (containing all the 20 UAV-derived variables), a backward elimination feature selection was performed to return the best GLM considering the AIC metric. As with the 'univariate' approach, a ROC analysis was applied to select the GLM optimal threshold and to estimate the classification performance in terms of sensibility, speci f icity, and AUC.
Each vineyard was then assigned a set of best classifiers selected via the internal accuracy assessment. Finally, these selected classifiers were trained with the whole training samples and deployed over the corresponding vineyards to predict the class (FD or AS) of the entire collection of valid pixels.
External Accuracy Assessment
External accuracy assessment was realized using the validation samples available for each vineyard (as shown in Table 5 ). Unlike training samples, validation samples were not related to pure patches of FD pixels. Instead, their buffered areas were composed of a rate of FD pixels with respect to AS pixels. As a consequence, the external accuracy assessment consisted of comparing rates of FD pixels (predicted by the selected classifiers) against the FD disease severity (FD ds ) observed in the field.
In order to get comparable information between field FD ds and classifier-predicted FD rate, rates were first converted into four discrete classes (1, 2, 3 or 4) , each corresponding to one of the four FD ds classes. Considering that those classes are ordinal and equidistant, the external accuracy assessment was handled as a regression problem. The overall agreement between field and predicted classes for a given vineyard was verified through the root-mean-squared error (RMSE) as formalized in Equation (3) . RMSE values of 1 or 3 respectively mean a difference of 1 or 3 FD ds classes between field and predicted classes.
Even if the RMSE is a good metric to evaluate (punctually) the quality of the predictions and compare the performances of the classifiers, the number of validations samples was limited in most of the vineyards. Because of this, the external accuracy assessment was completed by a detailed visual analysis of the FD maps generated by the best classifier of each vineyard. Table 7 shows the mean AUC and standard deviation obtained from the ROC curves of the 20 variables studied (SB, VI and BP) for red (Gamay and Duras) and white (Sauvignon and Colombard) cultivars vineyards. For the two red cultivars vineyards, the best variables in each category are the same (Green for SB; GRVI and RGI for VI; Ant for BP). However, the best variables differ for the vineyards with the two white cultivars (Green or Red for SB; SAVI, DVI or CI for VI; Chl or Car for BP).
Results
Univariate Accuracy Assessment
To characterize the performance of the best classifiers identified, Table 8 presents the specificity (Spec.) and sensitivity (Sens.) also computed from the ROC curves. Next, results are analyzed for each category of variables.
Spectral Bands
Given the three categories of variables, SB had the lowest power to discriminate between FD and AS pixels regardless of cultivar. Among the five available SBs, the Green band was the best classifier for the two red cultivars and the Colombard white cultivar while the NIR band was best for the Sauvignon white cultivar. For these two SB, mean AUC values and associated sensitivity and specificity were higher for the red cultivars than for the white. This was especially true for Colombard which had an AUC 0.68 and sensitivity of 0.46, suggesting poor performance of the Green band. However, in both cases, misclassification of FD and AS pixels remained. For example, using the Green band for Duras resulted in the highest AUC and values for sensitivity and specificity of 0.94 and 0.85, respectively. Despite this, it was estimated that 6% of true FD and 15% of true AS pixels would be misclassified. Table 8 . Mean values of sensitivity and speci f icity for the best variables. 
Red Cultivars White Cultivars
Gamay
Vegetation Indices
For red and white cultivars, VI performed better than SB to discriminate FD and AS pixels. For the two red cultivars, RGI and GRVI-both derived from the green and red bands-were the two best classifiers. The mean AUC was equal to 1 and the sensitivity and specificity were equal or superior to 0.98 indicating a very high power of separability of FD and AS pixels. Classification performance was poorer for the two white cultivars. The best mean AUC was obtained with different VI and differed with the cultivar. For Sauvignon, it was the SAVI and DVI with an AUC of 0.76. For Colombard, it was the CI with an AUC of 0.78. In both cases, sensitivity and specificity did not reach satisfying values. The amount of true FD pixels misclassified as AS pixels (1.00-Sensitivity) ranged between 19% and 42%. The amount of true AS pixels misclassified as FD pixels (1.00-Speci f icity) varied between 11% and 33%.
Biophysical Parameters
BP performed better than SB but worse than VI for all cultivars. For the two red cultivars, very good results were obtained with Ant (close to the one obtained with GRVI and RGI), especially for Duras with a mean AUC of 0.97 and associated sensitivity and specificity of 0.90 and 0.92 respectively. For the two white cultivars, results similar to those seen with the VI were observed. The best mean AUC were obtained with different BP according to the cultivar (Car with an AUC of 0.80 for Sauvignon; Chl with an AUC of 0.76 for Colombard). Values of sensitivity and specificity indicated that classifying FD and AS pixels with these BP still resulted in high levels of error. For example, the amount of pixels misclassified as AS pixels (1.00-Sensitivity) was estimated between 28% and 50%.
To sum up, Figure 5 presents the box plots of the FD and AS pixels with the best classifier per vineyard (in column) and per category of variable (in row). The optimal threshold values calculated with all training data is symbolized with a black dashed line. For variables with an AUC equal or close to 1 (RGI and GRVI for Duras and Gamay), a low covering up between FD and AS pixels was observed indicating their very high potential of FD discrimination. For variables with an AUC lower than 0.8 (all variables selected for white cultivars), the confusion between FD and AS pixels was clearly visible meaning a potentially high level of misclassification. Finally, interval and distribution of values of variables were not homogeneous according the type of cultivar (red or white). As a consequence, even if the same best classifier (GRVI) was found for the red cultivars, the optimal threshold value was specific for each vineyard (0.06 for Gamay and 0.01 for Duras). Table 9 presents the results of the backward elimination method used for each vineyard to select the most interesting of the 20 initial variables for use in the GLM to discriminate FD and AS pixels. Compared to the full model, all simplified models reduced the AIC between 2% and 47% indicating a systematic improvement of the power of explanation. The number of variables was significantly reduced and differed according to the vineyard, ranging between 9 for Gamay and 12 for Colombard. Table 10 describes the simplified GLMs for each vineyard. First, GRVI was always present in the simplified models regardless of cultivar. This confirmed what was previously observed in the 'univariate' analysis-a high potential for this VI to discriminate FD and AS pixels. Second, for red cultivars, the BP Car and the Blue band were in both models. The same result was observed for the white cultivars. Two SB (Red Edge and NIR) and four VI (GRVI, NDVI, RGI and ACI) were retained in the simplified GLM. Except for the NIR, in the case of the Sauvignon vineyard, none of these variables for red and white cultivars were found to be the best classifier in the 'univariate' analysis. 
Multivariate Accuracy Assessment
Features Selection
GLM Performance Assessment
The ROC analysis is applied on the simplified GLMs. Table 9 shows mean and standard deviation for AUC, sensitivity and specificity for each vineyard. The performance of the 'multivariate' approach was assessed by comparing these values with ones obtained from the 'univariate' analyses. Mean AUC values were equal to 1 for red cultivars with associated sensitivity and specificity of 0.99 suggesting a high-performing model. Nevertheless, the quality of FD and AS discrimination was the same across the 'univariate' and 'multivariate' classification approaches. For the white cultivars, however, the three metrics were significantly better with the 'multivariate' approach. The mean AUC value of 0.95 observed for both Sauvignon and Colombard represents a 20% increase compared to mean AUCs obtained from the best classifiers for these cultivars in the 'univariate' analysis. Even with improved sensitivity and specificity, these values indicate remaining FD and AS misclassification. Finally, the best classifier was provided by the GLM for three vineyards (Duras, Sauvignon and Colombard). For Gamay, GRVI and RGI perform slightly better than the GLM but differences were not significant. Table 11 presents, for the three vineyards for which validation data were available, the results of the comparison between the rates of FD pixels predicted by the selected classifiers against the FD disease severity FD ds observed in the field. In general, for the two red and one white cultivars, the RMSE indicated a difference of one FD ds class. For the red cultivars, the GLM classifier performed equally well to the best classifiers found in the 'univariate' analysis (with a RMSE between 1.16 and 1.27). For the Colombard cultivar, the GLM classifier was significantly better (GLM RMSE of 1.28 vs. other classifiers RMSE between 1.76 and 2.28).
Application to Whole Vineyards and External Accuracy Assessment
The external accuracy assessment step was completed by visually analyzing the FD maps realized with the best classifiers. Figure 6 presents for each vineyard (in column) a general overview of the classification result for all pixels labeled as 'grapevine vegetation' (first row) and three subsets illustrating the main situations causing misclassification of true FD and AS pixels (second row). From these maps, two major observations were made. First, true FD areas were effectively predicted as FD for the three vineyards. Second, overestimation of FD pixels existed in all cases but was more obvious for white than red cultivars. In this study, the problem of false FD pixels can be explained by: (1) confusion with other diseases symptoms as illustrated in Figure 6 (second row-left); (2) 
Discussion
Univariate and Multivariate Analyses
From the 'univariate' analysis, we observed first that, regardless of the category, classifying FD and AS pixels with one variable yielded better results for red cultivar vineyards. Moreover, for all the best classifiers, sensitivity and specificity estimates obtained with the optimal threshold show that confusion between FD and AS pixels was less important for red than white cultivars though present in both cases. This is not surprising as leaves reddening on red cultivars was actually much more visible in field than leaves yellowing on white cultivars (Figure 3) . Consequently, FD symptoms on white cultivars were characterized by a spectral response closer to AS pixels compared to red cultivars as shown in Figure 5 . We also showed that, of the three variable categories, VI had generally the best power of discrimination between FD and AS pixels for red and white cultivars even if, in some cases, SB or BP might also be of value. For red cultivars, the best classifiers obtained were based on either the green and red spectral bands or the Ant biophysical parameter. Given the fact that FD disease is manifested by leaves with abnormal red coloring from an increase of anthocyanin concentration, these results corroborate findings from previous studies [42, 43, 56] that demonstrated high correlations between the green and red spectral bands and leaf chorophyl and anthocyanin composition. For the white Colombard cultivar, results highlight the potential of CI or Chl, both developed to estimate leaves chlorophyll content and relate it to a vegetation problem [38, 43] .
Results from the 'multivariate' analysis showed that combining variables in a GLM does not necessarily provide a better classifier than using individual variables to discriminate FD pixels on red cultivars whereas, for white cultivars, the best results were obtained only with a GLM. Depending on the classification approach chosen, the potential for SB/VI/BP to discriminate FD and AS pixels varies. Some variables appear more efficient when used in a GLM (e.g., Car, Blue for red cultivars) whereas others perform better alone (e.g., Ant for red cultivars).
Complementary work is definitely needed to improve the robustness of the conclusions drawn here over the four vineyards studied. This is particularly important for white cultivars since the number of pure pixels was quite low (case of Sauvignon which was less infected than the other vineyards, see Table 5 ) and increasing the number of samples in future analyses is then necessary. For red cultivars, the very interesting results obtained also need to be confirmed over same and other cultivars. Figure 6 presents for each vineyard (in column) a general overview of the classification result for all pixels labeled as 'grapevine vegetation' (first row) and three subsets (second row) illustrating the main situations causing misclassification of true FD and AS pixels (second row). Even with the best classifiers, problems of true FD and AS pixel misclassifications remain as indicated by the FD ds class difference between field and selected classifiers. The visual analysis of the FD maps realized with the best classifiers (selected from univariate or multivariate approaches) highlighted that main cause of misclassifications concern false FD pixels. Using higher spatial resolution (inferior to 8 cm) could improve the results when false FD pixels are confused with AS mixed pixels containing either grapevine vegetation and shadow.
Application to Whole Vineyards and External Accuracy Assessment
When false FD pixels are confused with pixels presenting other similar colorations (either due stress or other diseases), adding one or several corresponding class(es) could be a way to improve the results. Additional field data, including observations for other diseases and stresses, are then clearly needed to verify if such classifiers could be useful to also discriminate FD from other diseases or nutritional disorders leading to similar leaves symptoms. It is only in this way that we can determine whether the use of UAV multispectral imagery is capable of specifically detecting the FD disease or whether its potential is limited to act as an alarm for anomalous coloring that would need to be checked in field to determine its origin.
Reproductibility of the Method
The method used to classify FD pixels was based on ROC curves. One of the main limitations of this method was the spatiotemporal consistency of the threshold. Values applied in here depended on the dataset and they are then probably specific to both year and vineyard. Such an approach means that a systematic calibration step is necessary, which limits the potentiality of this methodology. A calibration step is indeed not often possible in an operational context as data collection for this task is time-and labor-intensive. Complementary work (same cultivars and new cultivars in the same and another vine region) is necessary to really test the specificity of the thresholds to both year and vineyard.
Conclusions and Perspectives
Flavescence doree, with its rapid spread and the severe damage potential in major vine-and wineproducing European countries, is a major worldwide concern for grape producers. Finding a reliable operational method to identify FD-infected areas via remote sensing would improve the efficiency of removing infected plants and greatly limit the subsequent spread of the disease.
In this context, this study presents the potential of 20 variables (5 spectral bands, 11 vegetation indices and 4 biophysical parameters) computed from UAV multispectral imagery to remotely discriminate FD symptomatic from asymptomatic areas in four vineyards (red and white cultivars) in Southwest France. Receiver operator characteristic (ROC) analysis was used to determine the capacity of each variable to discriminate FD from AS pixels using both univariate and multivariate classification approaches. Contrasting results were obtained depending on red or white cultivars. On one hand, for the two white cultivars studied (Colombard and Cabernet Sauvignon), none of the variables tested (alone or combined into a GLM) provided satisfactory FD discrimination with a level of misclassification ranging between 10% and 20%. On the other hand, for the red cultivars (Gamay and Duras), two vegetation indices based on the green and red spectral bands-RGI and GRVI-and one biophysical parameter-Ant-linked to leaves anthocyanin concentration, showed a very high power of separability of FD and AS pixels. Level of misclassification was at worst 12%. Nevertheless, optimal thresholds vary for the two red cultivars studied in this work and this may limit the reproducibility of the proposed method. Whatever the cultivars (red or white), external accuracy assessment showed a systematic FD overestimation at parcel scale. Two main reasons were identified: FD pixels were confused either with pixels containing AS grapevine vegetation and shadow or pixels affected by other diseases presenting similar changes in leaf coloration.
Results are of great interest as no similar work on FD disease has yet been performed. However, in order to provide a reliable tool for FD management in the vine and wine production system, complementary investigation is needed to improve the robustness of the conclusions drawn here over the vineyards studied. This requires an increasing number of samples in future analyses, particularly for white cultivars for which the vineyards studied were little affected by the disease. For red cultivars, the very interesting results obtained also need to be confirmed with the same and other cultivars, over the same and different regions. Moreover, a challenge clearly remains to find a specific method to discriminate Flavescence doree from other vineyard diseases presenting similar changes in leaf coloration and this implies an exhaustive view of plot conditions. With these perspectives in mind, an intensive field campaign was completed in late summer 2016 over the Gaillac and the Minervois vineyard areas in Southwest France. Future work will mainly attempt to: (1) Confirm the high power of separability of FD and AS pixels obtained with the RGI and GRVI vegetation indices and the Ant biophysical parameter over other cultivars and another vine-growing region; (2) Test the specificity of the selected variables by adding a new class corresponding to grapevine trunk diseases; and (3) Use hyperspectral measurements carried out at the leaf scale in order to improve knowledge about the spectral response of symptomatic leaves (FD and grapevine trunk diseases), and to identify the most useful narrow bands for FD detection. Depending on these results, it might be possible to propose a specific spectral index based on actual UAV spectral bands, or to suggest specifications in terms of the number and width of bands to adapt existing sensors, or build future sensors for enhanced FD detection.
